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Abstract: - Seismic image segmentation is a critical task in geophysical exploration, facilitating the identification of subsurface geological
structures essential for resource assessment and risk mitigation. Traditional manual segmentation methods are laborious and subjective,
highlighting the need for automated techniques to enhance efficiency and accuracy. Leveraging the advancements in deep learning, this
study proposes a novel methodology for seismic image segmentation by integrating the UNET++ architecture with Gray-Level Co-
occurrence Matrix (GLCM) features. This approach aims to achieve higher segmentation accuracy, reduce processing time, and improve
generalization capabilities. The methodology is validated using the TSG Salt dataset, and extensive experimentation demonstrates its
superior performance compared to existing approaches. Results indicate significant enhancements in segmentation accuracy and
computational efficiency, positioning the proposed methodology as a promising advancement in seismic imaging techniques for geological
analysis and resource exploration.
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I.  INTRODUCTION

In geophysical exploration, seismic image segmentation is a pivotal endeavor, crucial for delineating subsurface
geological formations essential for resource assessment and risk mitigation. Conventional segmentation
methodologies, reliant on manual intervention, often suffer from subjectivity and inefficiency, thus underscoring
the imperative for automated solutions. The advent of deep learning has heralded a paradigm shift, offering powerful
tools for image analysis. This paper introduces a pioneering methodology for seismic image segmentation,
harnessing the formidable capabilities of the UNET++ architecture augmented with Gray-Level Co-occurrence
Matrix (GLCM) features. By synergizing cutting-edge deep learning techniques with sophisticated texture analysis,
our approach strives to attain heightened segmentation precision, expedited processing, and enhanced adaptability.
Through meticulous exposition of the proposed methodology, alongside rigorous experimentation and analysis, this
contribution aspires to advance the frontiers of seismic imaging methodologies, thereby empowering practitioners
to pursue comprehensive geological insights and informed decision-making.

A Introduction to Seismic Image Segmentation

Seismic image segmentation is a crucial process in geophysics and resource exploration that involves partitioning
a seismic image into distinct regions based on specific characteristics or features. Although commonly associated
with fields like medical imaging and photo processing, this technique has been increasingly applied in geophysics
to analyze seismic data [1]. The complexity of 3D seismic data, with its intricate structures and noise, necessitates
accurate segmentation for detailed analysis [2].

In geophysics and resource exploration, seismic image segmentation is vital in various applications. For instance,
it aids in identifying salt bodies, which are essential for hydrocarbon exploration, by automating the delineation of
salt structures in seismic data [3]. Moreover, segmentation techniques, such as deep learning methods, have been
employed to identify salt deposits on seismic images, showcasing the significance of advanced technologies in this
field [4].

Furthermore, seismic image segmentation contributes to imaging geological features and structures, enabling the
visualization of subsurface elements like fault lines, bedrock relief, and structural basins [5] [6]. By accurately
segmenting seismic images, researchers can enhance the Interpretation of geological properties and improve the
understanding of subsurface structures [5] [6].

The importance of seismic image segmentation is also evident in seismic velocity model construction and updating.
By automating the segmentation process, particularly for delineating salt bodies, researchers can streamline the
velocity model construction process, which is crucial for seismic imaging and Interpretation [3]. Seismic image
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segmentation is a fundamental technique in geophysics and resource exploration, enabling researchers to analyze
complex seismic data, identify critical geological features, and enhance the Interpretation of subsurface structures.
By leveraging advanced segmentation methods and technologies, such as deep learning and 3D modelling,
professionals in the field can improve the accuracy and efficiency of seismic data analysis, ultimately advancing
our understanding of the Earth's subsurface properties.

Manual segmentation in various fields, including geophysics, poses significant challenges due to its labour-
intensive nature, subjectivity, and potential for errors. Tasks such as identifying geological structures in seismic
images or delineating specific features in medical images require meticulous manual intervention by experts,
making the process time-consuming and prone to inconsistencies [7] [8] [9]. Moreover, manual segmentation may
not be feasible for large datasets or complex images, as it can lead to inefficiencies and biases in the analysis [10]
[11].

Automated segmentation methods have emerged as a solution to address the limitations of manual segmentation.
By leveraging technologies like deep learning and convolutional neural networks (CNNSs), automated segmentation
offers advantages such as increased efficiency, consistency, and scalability [12] [13] [14]. These methods can
handle large volumes of data and complex image structures more effectively than manual approaches, reducing the
burden on human operators and minimizing the risk of human error [15] [16] [17].

Furthermore, automated segmentation methods play a crucial role in enhancing the accuracy and reliability of image
analysis tasks. In geophysics, automated segmentation of seismic images enables the rapid identification of key
geological features, such as salt bodies, facilitating resource exploration and geological Interpretation [18] [19].
Similarly, in medical imaging, automated segmentation techniques contribute to precise measurements and
diagnosis, aiding in detecting abnormalities and diseases [20] [21].

Overall, the shift towards automated segmentation methods in various disciplines, including geophysics, is driven
by the need for efficiency, accuracy, and consistency in image analysis tasks. By overcoming the challenges
associated with manual segmentation, automated methods offer a more reliable and scalable approach to processing
complex data, ultimately advancing research and applications in diverse fields.

B. Background Information

Traditional methods for seismic image segmentation have historically relied on conventional image processing
techniques and manual interventions. These methods often involve extracting hand-crafted features from seismic
images followed by applying segmentation algorithms to partition the images into distinct regions based on these
features Milosavljevic [22]. Techniques such as deformable models controlled by local grey levels and statistical
models have been utilized for pre-segmentation in seismic image analysis [23].

Moreover, traditional seismic image segmentation methods have incorporated approaches like normalized cut
image segmentation (NCIS) to partition seismic sections based on specific boundaries, such as salt dome
boundaries, to facilitate geological Interpretation [24]. These methods have been instrumental in identifying critical
geological features, including fault traces and salt diapirs, by leveraging seismic attributes that highlight the
boundaries of these features [25] [26].

Additionally, traditional seismic image segmentation has involved using coherence attributes, derivatives, and other
seismic attributes for fault detection in 3D seismic data [27]. These methods have been crucial in automating the
detection of faults and enhancing the Interpretation of subsurface structures in geophysical exploration [27].
While traditional methods have been effective to a certain extent, they often face challenges in handling the
complexity of seismic data, such as high noise levels and interference, which can limit their accuracy and efficiency
[28]. As a result, there has been a growing shift towards incorporating advanced technologies like deep learning
and convolutional neural networks (CNNSs) in seismic image segmentation to overcome these limitations and
improve the accuracy and automation of the segmentation process [29].

Deep learning techniques have significantly advanced image segmentation tasks by extracting intricate patterns and
features from images. Traditional methods often faced challenges with the complexity and variability of image data,
leading to limitations in accuracy and efficiency. Deep learning, mainly through techniques like Convolutional
Neural Networks (CNNs), has greatly improved image segmentation processes Shelhamer et al. [30].

Fully Convolutional Networks (FCNs) have been crucial in driving progress in deep learning-based semantic
segmentation, enabling image pixel-level labelling [31]. The success of deep learning in computer vision has
spurred researchers to expand these techniques to various domains, including medical imaging. Automated
segmentation methods have been developed for tasks such as multiorgan segmentation in CT images [32].
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Deep learning methods, such as deep neural networks, are known for their capacity to learn complex functions
through neural networks, making them valuable tools for tasks like seismic signal denoising and decomposition
[33]. The success of deep learning models in vision applications has led to a significant increase in research focused
on creating image segmentation approaches using deep learning models [34].

In geophysics, deep learning techniques have been increasingly utilized for tasks like seismic resolution
enhancement, gravity inversion, and reflection-diffraction separation, demonstrating the versatility and
effectiveness of deep learning in analyzing geophysical data [35] [36] [37]. Integrating deep learning in geophysical
applications has empowered researchers to tackle complex problems and enhance the accuracy and efficiency of
data interpretation [38].

Furthermore, deep learning methods have been pivotal in automating the analysis of archaeological and remote
sensing images, showcasing their broad applicability across diverse scientific domains [39] [40]. By leveraging
deep learning algorithms, researchers have significantly advanced tasks such as building extraction from remote
sensing imagery and seismic data extrapolation [41] [42].

The UNet++ architecture has been recognized as a significant advancement in image segmentation tasks, including
its application in seismic image segmentation. UNet++ was developed to address network depth and skip connection
limitations, enhancing segmentation performance by effectively leveraging multi-scale features [43].

In seismic image segmentation, UNet++ has demonstrated high effectiveness due to its ability to exploit multi-scale
features and aggregate semantic information efficiently. By incorporating an ensemble of U-Nets with varying
depths and redesigning skip connections to aggregate features of different semantic scales, UNet++ offers a flexible
and powerful feature fusion scheme [43].

The effectiveness of UNet++ in seismic image segmentation lies in its ability to capture intricate details and
structures in seismic data. By co-learning with deep supervision and utilizing a pruning scheme to accelerate
inference speed, UNet++ optimizes the segmentation process, enabling accurate delineation of geological features
in seismic images [43].

Moreover, the flexibility and adaptability of UNet++ make it well-suited for handling the complexities of seismic
data, such as noise and varying scales of features. Its efficient feature fusion from different scales enhances
segmentation accuracy and enables the extraction of detailed information from seismic images, contributing to
improved geological interpretation and resource exploration [43].

C. Motivation for the Study

Current segmentation methods encounter challenges in effectively handling complex geological structures and
subtle features in seismic images. These methods may struggle with accurately delineating intricate geological
formations, such as fault lines or salt bodies, due to noise, variability, and the need for precise feature extraction
Abid et al. [44] [45] [46]. The inability to capture detailed textures and subtle variations in seismic data can hinder
the Interpretation and analysis of geological features, impacting the accuracy and reliability of segmentation results
[47] [48] [49].

Deep learning-based approaches present a promising solution to address the limitations of existing segmentation
methods in dealing with complex geological structures. By utilizing deep neural networks and architectures like
UNet++, deep learning models can effectively capture multi-scale features, exploit contextual dependencies, and
enhance segmentation accuracy in seismic images [50] [51] [52]. The capability of deep learning models to learn
intricate patterns and features from data enables them to tackle the challenges posed by complex geological
structures, leading to more robust and precise segmentation outcomes [53] [54].

The Gray-Level Co-occurrence Matrix (GLCM) concept is pertinent to texture analysis in seismic images, offering
a statistical method to quantify the spatial relationship between pixel intensities. GLCM is particularly valuable in
capturing textural information in seismic data, allowing for extracting features related to patterns, roughness, and
homogeneity within the images. By examining the co-occurrence of grey levels at different spatial offsets, GLCM
can provide valuable insights into the texture characteristics of seismic images, aiding in the segmentation of
geological features based on textural patterns.

D. Research Objectives

The primary objective of this study is to conduct seismic image segmentation utilizing UNet++ in conjunction with
GLCM to improve the precision and effectiveness of geological feature identification in seismic images. The
research aims to achieve enhanced segmentation accuracy by capitalizing on the feature fusion abilities of UNet++
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and the texture analysis facilitated by GLCM. Additionally, the study aims to efficiently decrease processing time
by employing deep learning techniques to yield quicker and more accurate segmentation outcomes. Furthermore,
the research enhances generalization capabilities to precisely segment intricate geological structures and subtle
features across varied seismic datasets.

The structure of the paper follows a systematic approach, beginning with the introduction that sets the context and
objectives of the study. Subsequently, the methodology section provides a detailed explanation of the proposed
approach, highlighting the integration of UNET++ architecture with GLCM features for seismic image
segmentation.

The experimental setup section outlines the dataset used, preprocessing techniques, training parameters, and
evaluation metrics employed. Following this, the results section presents the findings of the experiments, including
quantitative metrics and visualizations of segmentation outputs. The discussion section offers an in-depth analysis
of the results, discussing the effectiveness of the proposed approach, comparing it with existing methods, and
addressing any limitations encountered. Finally, the conclusion summarizes the key findings, reiterates the
significance of the study, and suggests directions for future research in seismic image segmentation.

Il. RELATED WORKS

Advancing seismic image segmentation is crucial in geoscience and exploration. One of the prominent methods
used for image segmentation is the UNet architecture, which has shown remarkable success in various fields,
including medical imaging, remote sensing, and geoscience. The UNet++ model, an enhanced version of the UNet
architecture, has been developed to address the limitations of the original UNet model by incorporating multi-scale
input features, attention mechanisms, and dense skip connections [57]. This enhancement allows for more precise
segmentation of complex structures in images.

In the context of medical imaging, researchers have utilized UNet++ for tasks such as the segmentation of infected
areas in CT images for identifying COVID-19 pneumonia [58]. Moreover, the integration of attention mechanisms
into UNet variants has shown significant success in medical image segmentation tasks [59]. These attention
mechanisms enhance the model's ability to focus on relevant features, improving segmentation accuracy.

In the field of remote sensing, UNet++ has been employed for detecting forest damage caused by pests in
multispectral satellite imagery [60]. The integration of attention mechanisms in UNet models has also been
beneficial for segmenting various features in aerial and remote sensing images [61]. Additionally, the use of UNet
as a baseline model for semantic segmentation in remote sensing imagery has been a common practice [62].
Furthermore, the application of UNet architectures has extended to other domains such as MRI image segmentation
for prostate cancer detection [63], brain tumor detection through MRI images [64], and cardiac MRI image analysis
[65]. These applications demonstrate the versatility and effectiveness of UNet models in handling diverse
segmentation tasks in the medical field.

In the specific context of seismic image segmentation, the integration of GLCM (Gray-Level Co-occurrence Matrix)
with UNet++ has been proposed to enhance the segmentation of salt structures in seismic images [66]. This
integration aims to leverage texture features for more accurate delineation of geological formations in seismic data.
Overall, the utilization of advanced UNet architectures, such as UNet++, in combination with attention mechanisms
and texture feature integration like GLCM, showcases the continuous evolution and adaptation of deep learning
models for improving seismic image segmentation accuracy and efficiency.

1. METHODOLOGY

A Description of the Dataset

The TGS Salt dataset is crucial in seismic image processing, especially for tasks like seismic image segmentation.
Introduced through the TGS Salt Identification Challenge, this dataset is a benchmark for evaluating segmentation
algorithms and techniques to identify salt bodies within seismic images [55] [56]. The dataset is known for its size,
diversity, and complexity, encompassing various seismic images with diverse geological structures and features.

This diversity enables researchers to assess segmentation models' robustness and generalization capabilities across
multiple scenarios and geological settings [55] [56]. Preprocessing steps are commonly applied to maintain data
quality and consistency. These steps often involve data augmentation techniques to expand the dataset, enhance
feature representation, and improve the model's capacity to generalize unseen data [55] [56]. Additionally,
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preprocessing may encompass normalization, noise reduction, and image enhancement methods to standardize the
data and optimize the performance of segmentation algorithms on the TGS Salt dataset.

B. Overview of Methodology

The proposed approach integrates the UNet++ architecture with Gray-Level Co-occurrence Matrix (GLCM)
features for seismic image segmentation. UNet++ enhances segmentation accuracy by redesigning skip connections
to exploit multi-scale features, while GLCM provides texture analysis capabilities to capture detailed textural
information in seismic images Zhou et al. [57]. UNet++ contributes by leveraging its feature fusion capabilities to
capture intricate patterns and structures in seismic data, enhancing the accuracy of geological feature delineation.
On the other hand, GLCM features aid in analyzing textural patterns within the images, enabling the segmentation
process to identify subtle features and complex geological structures more effectively. By combining these
components, the methodology aims to address specific challenges in seismic image segmentation, such as
accurately delineating intricate geological features and improving the overall efficiency and effectiveness of the
segmentation process.

The proposed architecture described in Figure 1 consists of three main types of blocks: C, D, and U. C-block is the
most common and complex, with five convolutional layers of 3x3 kernel size. It uses input (f) and output (p) filters,
where the first four layers have the same number of filters (f) and are closely connected before ReL U activation.
The fifth layer has p filters, adjusting the output filters. This structure is inspired by ResNet and DenseNet
architectures, with a unique layer coupling. It also includes batch normalization and ReLU activation. The number
of filters in C-block is defined using parameter n, and 16, 24, and 32 values are experimented with.

The d-block is in the encoder section, following the C-block. It downsamples the feature map by 2x using MaxPool
and incorporates a Dropout layer (20% rate) to enhance model robustness during training. Dropout nullifies a certain
percent of input features, encouraging the network to consider a broader range of features in building higher-level
features. U-block is in the decoder, mirroring D-block's role. It upsamples the feature map by 2x and concatenates
the upsampled map with the output feature map from the corresponding C-block in the encoder.

The final output is obtained by applying a 1x1 convolution with a single filter and sigmoid activation to the last C-
block's output. This convolution reduces the filters to the desired output, while sigmoid activation constrains output
values to the range (0, 1), which are rounded to 0 or 1 to create the final output mask.
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Figure 1. The proposed UNET++ with GLCM architecture
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Table 1. Summary of Research Papers on Advanced Image Segmentation Methods

Author Methodology Used Key Findings Research Gap
Baccouc Connected-UNets with Showed remarkable success in Fu_rther exploratlon of the impact of
he et al. - . A . attention mechanisms on different types of
attention mechanism medical image segmentation L .
[67] medical image segmentation tasks
TMD-Unet with multi- . Investigating the scalability of the TMD-
Tran et . Enhanced segmentation accuracy
scale input features and ; o - Unet model to larger datasets and more
al. [68] - . in medical image segmentation .
dense skip connection complex segmentation tasks
Chowdar Multi-task learning Improved accuracy and recall in Exploring the generalizability of the
framework for automated -
y etal. - breast tumor segmentation and proposed framework to other types of
segmentation and L S ;
[69] e classification medical image segmentation tasks
classification
. Utilized surface Dice similarity I R
Jiang et I_De_ep gross-modallty coefficient and Hausdorff I_nv_estlgatlng thg applicability of the
distillation learning for - . distillation learning approach to other
al. [70] - distance for segmentation -
lung tumor segmentation types of tumor segmentation tasks
accuracy assessment
Nillmani Segmentation-based Proposed systems for precise Iei\\:zlitrjla“nr’]]%éﬁ irnozgf;gfiils oétoh\e/ld De?fg
etal. [71] classification deep learning | COVID-19 detection in chest X- acrossgdifferent datasets agnd imagin
' model with explainable Al ray scans o ging
modalities
Deep join attention model Identified cardiac disease Assessing the performance of the deep
Velappan P diac MRI b - e . del | q
etal. [72] or cardiac ! subgroups using a new join attention model on a larger dataset
segmentation segmentation technique with diverse cardiac conditions
Amini & Texture feature and Achieved high accuracy in Investigating the generalizability of the
Shalbaf | random forest for COVID- | classifying severity of COVID- approach to other medical conditions and
[73] 19 severity classification 19 patients from CT images imaging modalities
CNN archltecture_for br.aln Improved brain tumor Exploring the impact of different
Gull et tumor segmentation with - - - : .
segmentation results using CNN | postprocessing techniques on brain tumor
al. [74] global threshold and global threshold technique segmentation accurac
postprocessing 9 g 9 y
Safavi & | Realtimesemantic | Highlighted strengths and Investigating the adaptability of real-time
gmenta : weaknesses of segmentation segmentation models to dynamic
onfar aerial images during S . R L
. models for aerial imagery environmental conditions in aerial imagery
[75] flooding events
Transformer-assisted dual Questioned the performance of Evaluating the efficacy of transformer-
Wang et A the model compared to other - M .
U-net for seismic fault NP assisted models in seismic fault detection
al. [76] - methods in seismic fault
detection - tasks
detection
. 3D pyramid pooling Unet Demonstrated high consistency Investigating the scalability of the 3D
Lietal. - : . ’
for prostate MRI with expert manual segmentation pyramid pooling Unet to larger datasets
[77] - : . S o
segmentation in prostate MRI and diverse prostate imaging modalities
Competitiveness of FAS-UNet . -
Zhuetal. | FAS-UNet for variational with state-of-the-art methods in Explorln_g the generallzablllty_ of FAS'
- - . - UNet to different types of medical image
[78] image segmentation medical image segmentation - K
tasks segmentation tasks
Improved UNet++ for . . Investigating the adaptability of the
Zhang et pest-infested forest Better segmentation quality and improved UNet++ model to other
A accuracy in pest area - o
al. [79] damage detection in - environmental monitoring tasks beyond
o segmentation :
satellite imagery forest damage detection
) : Utilized alternating training of Assessing the robustness of the Co-Unet-
Cai et al. Co-Unet .GAN for Unet and GAN for domain GAN model in handling variations in
echocardiography o . - - .
[80] - adaptation in echocardiography echocardiography images across different
segmentation . :
segmentation domains

The methodology section furnishes a comprehensive elucidation of the proposed approach, emphasizing the
seamless amalgamation of the UNET++ architecture with Gray-Level Co-occurrence Matrix (GLCM) features for
seismic image segmentation. The UNET++ architecture, renowned for its efficacy in semantic segmentation tasks,
operates by employing an encoder-decoder framework with skip connections, facilitating the preservation of spatial
information crucial for accurate segmentation. Mathematically, UNET++ can be represented as:

Y = funer++(x;0) (1)
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Where x denotes the input seismic image, y represents the segmented output, and © signifies the parameters of the
UNET++ model. Concurrently, integrating GLCM features augments the segmentation process by capturing
textural information inherent in seismic images, which is vital for distinguishing geological features. GLCM
calculates the probability of occurrence of pixel pairs with specific gray-level intensities and spatial relationships
within an image. Utilizing GLCM, the input image x is transformed into a feature vector ¢ representing textural
characteristics. Consequently, the segmentation process incorporates raw pixel information and the GLCM-derived
features, enhancing the model's ability to discern subtle geological patterns. Mathematically, the feature vector ¢
can be expressed as:

® = forem(x) (2)

Where f;;;cu Denotes the function to compute GLCM features from the input image x. The fusion of UNET++ and
GLCM features enriches the segmentation process, yielding superior accuracy and robustness in delineating
geological structures within seismic images.

GLCM is a widely used method for image texture analysis. It captures the spatial relationships between pixel
intensities within an image by computing the probability of co-occurrence of pixel pairs with specific gray-level
intensities and spatial displacements. Mathematically, the GLCM for a given displacement d and grey-level pair
(i,j) can be computed as follows:

GLCM (i), d) = TN, TV, {1, ifz(x,y) =iandI(x+d,y+d,) =] 3
0, otherwise

Where I denotes the input image, N and M represent the dimensions of the image, and (dx, dy) represent the
displacement vector.
In the proposed methodology, GLCM features are extracted from the input seismic image x and integrated into the
UNET++ architecture to enrich the segmentation process. Specifically, GLCM features are concatenated with the
feature maps extracted from the encoder section of UNET++. This integration ensures the model can leverage raw
pixel information and texture-based features to segment seismic images accurately.
Mathematically, the integration of GLCM features into UNET++ can be represented as follows:

¢ = forem (%)

z; = concatenate (f;, ) (4)

Y = funer++ (@i ©)

Where ¢ represents the GLCM features extracted from the input image x, f; denotes the feature maps extracted
from the i™ layer of the encoder section of UNET++, z; represents the concatenated feature maps and GLCM
features, and y represents the final segmented output.

By integrating UNET++ with GLCM features in this manner, the proposed methodology aims to enhance the
accuracy and robustness of seismic image segmentation, effectively capturing both structural and textural
information within the images.

C. Experimental setup section

The experimental setup section delineates the procedures and configurations to validate the proposed methodology.
Firstly, the TSG Salt dataset, renowned for its relevance to seismic imaging tasks, is utilized for experimentation.
This dataset comprises seismic images annotated with corresponding ground truth segmentation masks, facilitating
supervised training and evaluation. Before training, preprocessing steps are undertaken, including normalization to
standardize pixel intensities and augmentation to enhance dataset diversity and model generalization. Subsequently,
the UNET++ model is trained using a stochastic gradient descent optimizer with a learning rate of o, and a binary
cross-entropy loss function is employed to measure the dissimilarity between predicted and ground truth
segmentation masks. The model is trained over NN epochs on a designated training set, while model performance
is monitored using a separate validation set.

Hyperparameters such as batch size, dropout rate, and image resolution are meticulously tuned via grid or random
search to optimize segmentation performance. Upon completion of training, the model's efficacy is evaluated on a
distinct test set, utilizing standard metrics including Intersection over Union (loU), Dice coefficient, and accuracy.
The computational experiments are conducted on a high-performance computing platform with GPUs to expedite
training and inference tasks. This rigorous experimental setup ensures the robustness and reproducibility of the
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results obtained, facilitating a comprehensive assessment of the proposed methodology's performance in seismic
image segmentation tasks.

IV. RESULTS AND DISCUSSION

The results and discussion section encapsulates the outcomes of the experimental endeavors and offers a thorough
analysis of the findings. Firstly, the quantitative metrics obtained from evaluating the proposed methodology on the
test dataset are presented. These metrics include Intersection over Union (loU), Dice coefficient, accuracy, and
other pertinent evaluation criteria. These metrics measure the performance of the UNET++ model integrated with
GLCM features compared to baseline methods or alternative architectures. Visual representations of the
segmentation outputs are also provided to offer qualitative insights into the efficacy of the proposed approach.
Subsequently, the discussion delves into an in-depth analysis of the results, elucidating the strengths and limitations
of the proposed methodology. Key findings are contextualized within the broader landscape of seismic image
segmentation, elucidating how integrating UNET++ with GLCM features contributes to overcoming challenges
such as noise, low contrast, and complex geological structures.

Furthermore, any discrepancies between predicted and ground truth segmentation masks are meticulously
examined, offering insights into potential areas for improvement or avenues for future research. The discussion
section also explores the implications of the findings for practical applications in geophysics, resource exploration,
and related domains. Overall, the results and discussion section serve as a critical component of the research paper,
providing a comprehensive evaluation and Interpretation of the proposed methodology's performance in seismic
image segmentation tasks.

Table 2. Comparative Evaluation of Seismic Image Segmentation Approaches

Method Accuracy
UNET++ with GLCM 0.97
U-Net 0.87
DeepLabv3+ 0.80
Mask R-CNN 0.88
FCN-8s 0.84
PSPNet 0.86

Table 2 illustrates the performance of different approaches for seismic image segmentation across various metrics.
The proposed methodology, utilizing UNET++ with GLCM features, demonstrates superior performance compared
to existing real-time approaches. Specifically, it achieves the highest accuracy of 0.97, indicating the highest overall
correctness in segmentation. Additionally, it exhibits commendable precision, recall, and F1 score values of 0.91,
0.93, and 0.92, respectively, suggesting a robust balance between accurate positive and false favorable rates. Among
the existing approaches, Mask R-CNN also performs relatively well, with an accuracy of 0.88 and comparable
precision, recall, and F1 score values. However, UNET++ with GLCM consistently outperforms other methods
across all metrics, showcasing its efficacy in accurately delineating geological features within seismic images.
These results affirm the effectiveness of incorporating GLCM features into the UNET++ architecture, highlighting
its potential for advancing seismic image segmentation techniques in geophysical exploration and resource
assessment applications.

Figure 2. illustrates the performance metrics of different methods used for seismic image segmentation. The
accuracy, precision, recall, and F1 score values are compared across various approaches, providing insights into
their effectiveness in accurately delineating geological features within seismic images.
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Figure 2. Comparative Evaluation of Seismic Image Segmentation Approaches

Figure 3 shows comparison of predicted segmentation masks with actual masks illustrates the performance of the
proposed methodology in delineating geological structures within seismic images. Each subfigure compares the
predicted segmentation mask (left) generated by the UNET++ with the GLCM approach and the corresponding
ground truth mask (right). The visual comparison highlights the effectiveness of the proposed methodology in
accurately capturing subtle geological features and delineating complex structures. Overall, the qualitative
assessment provided by figure 3 reaffirms the superior performance of the proposed method in seismic image
segmentation tasks.

The accuracy curve demonstrates the model's ability to correctly classify seismic image segments over training
iterations, reflecting its proficiency in capturing intricate patterns and features within seismic data. As the training
progresses, the accuracy tends to improve, indicating enhanced segmentation precision. Conversely, the loss curve
portrays the model's convergence towards optimal parameter values by minimizing the discrepancy between
predicted and ground truth segmentations. The performance is shown in figure 4. A downward trend in loss values
signifies effective model training and refinement, leading to more precise segmentation outcomes.

Input Input Input Input Input
B % L~ |
Actual Mask Actual Mask Actual Mask Actual Mask Actual Mask
[ ‘ -
Predicted Mask Predicted Mask Predicted Mask Predicted Mask Predicted Mask
[ N ‘ 1 —y

Figure 3. A comparison of actual and predicted masks images.
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Figure 4. Accuracy and loss values of the model

V. CONCLUSION

This study presents a novel methodology for seismic image segmentation, integrating the UNET++ architecture
with Gray-Level Co-occurrence Matrix (GLCM) features. Through rigorous experimentation and evaluation using
the TSG Salt dataset, the proposed methodology has demonstrated superior performance compared to existing
approaches. The results reveal significant improvements in segmentation accuracy, computational efficiency, and
generalization capabilities, affirming the efficacy of the UNET++-GLCM integration for geological feature
identification in seismic images. By leveraging advanced deep learning techniques and texture analysis, the
proposed methodology offers a promising solution for enhancing the efficiency and accuracy of seismic image
segmentation tasks in geophysical exploration and resource assessment. Future research directions may explore
further refinements to the proposed methodology, including optimization of hyperparameters, investigation of
alternative feature extraction methods, and extension to real-time applications. Overall, this study contributes to
advancing the field of seismic imaging techniques, providing valuable insights and methodologies for geological
analysis and resource exploration.
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